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Abstract—In this paper, the uplink adaptation for massive
multiple-input-multiple-output (MIMO) networks without the
knowledge of user density is considered. Specifically, a novel
cooperative uplink transmission and detection scheme is first
proposed for massive MIMO networks, where each uplink frame
is divided into a number of data blocks with independent coding
schemes and the following blocks are decoded based on previously
detected data blocks in both service and neighboring cells.
The asymptotic signal-to-interference-plus-noise ratio (SINR) of
the proposed scheme is then derived, and the distribution of
interference power considering the randomness of the users’
locations is proved to be Gaussian. By tracking the mean and
variance of interference power, an online robust rate adaptation
algorithm ensuring a target packet outage probability is proposed
for the scenario where the interfering channel and the user
density are unknown.
I. INTRODUCTION
As a technique offering sufficient degree of freedom and
considerable spatial multiplexing gain by using large numbers
of antennas, massive MIMO has a great potential to boost
the throughput of cellular networks. However, the issue of
pilot contamination [1], which refers to the undiminished
inter-cell interference caused by pilot reuse, may severely
degrade the performance of massive MIMO networks. One
straightforward approach to mitigate the inter-cell interference
in channel estimation is the soft pilot reuse scheme [2], [3],
where pilot sequences are only reused at the center of cells
and hence its overhead is large. There are also some works
introducing compressive-sensing-based channel estimation al-
gorithms to exploit the sparsity in massive MIMO channel
[4]. All these works exploit the channel spatial correlation.
In contrast, there are some works considering massive MIMO
transmission schemes without such correlation. For example
in [5], the authors proposed to synchronize the uplink channel
estimation with the downlink transmission of neighboring
cells. However, this might cause severe interference between
BSs in practice. Another promising approach addressing the
issue of pilot contamination is to utilize the data symbols
in channel estimation. Channel estimation schemes based on
superimposed pilots was proposed in [6], [7], where pilot and
data symbols are transmitted alongside each other for the
entire duration of the uplink frame. We proposed to utilize
temporal channel correlation and detected data symbols to
improve channel estimation in [8] without the consideration of
BS cooperation. Moreover, in [9]–[12], we proposed to divide
the uplink frame into blocks and to utilize the detected data
blocks as equivalent pilots for the successive data detection. In
[13], pilots of different lengths are assigned to cell-center users
and cell-edge users to suppressing the pilot contamination
efficiently.
To study the network performance, it is important to con-
sider the randomness on the users’ geometric distribution.
There exist a number of works on the massive MIMO per-
formance analysis with the tool of stochastic geometry. For
example, an analysis on the asymptotic SINR distribution in
the uplink was given in [14] with maximum ratio combining
(MRC) and zero-forcing (ZF) receivers. However, in these
works, the network performance is derived by randomizing
the locations of both BSs and users. The conclusions of
these works cannot be applied directly on one particular
network with fixed locations of BSs. Nevertheless, although
performance with fixed BSs’ locations is studied in [15]–
[18], it assumes uniform distribution of users, which may
not match the practical scenario. Moreover, the performance
distribution derived in these works is complicated, and the
further parameter adaptation based on it may be intractable.
A. Our Contributions
In this paper, we consider the uplink transmission of a
massive MIMO network, where the user density is unknown.
The main contributions are summarized below.
• In this paper, we propose a scheme where the uplink
frame is divided into data blocks with independent
channel coding schemes, and the data symbols in the
detected data blocks can be shared among neighboring
BSs for the estimation of dominant interfering channels.
Therefore, inter-cell interference from these channels can
be mitigated, and better performance than the schemes in
[10], [11] can be obtained. Moreover, we prove that the
asymptotic distribution of interference power is Gaussian,
even without uniform user distribution.
• We consider the practical scenario that the user density
is unknown, and the interfering channel is not measured
at the service BSs. In this case, neither the accurate
value nor the distribution of uplink SINR is known at
the beginning of transmission, which leads to potential
packet outage (the transmission data rate is larger than the
channel capacity). Exploiting the fact that the interference
is Gaussian, a robust rate adaptation algorithm given a
target packet outage probability is proposed. Moreover,
we also show that the distribution statistics of interference
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power can be analytically derived for all other users as
long as they have been learned for a few number of users.
II. SYSTEM MODEL
A. Uplink Model of Massive MIMO Network
The uplink transmission of a massive MIMO cellular
network is considered, where BSs are deployed on a 2-
dimensional plane R2. The number of antennas at each BS
is M . It is assumed that there is one BS locating at the origin.
It is treated as the target BS of analysis for convenience. Each
BS (or cell) is assigned with an index, and the index of the
target BS (or cell) is 1. The location of the i-th BS (∀i) is
denoted by a 2-dimensional vector li. There can be multiple
users, each with single antenna, in each cell. Due to random
packet arrival, not every user has uplink data in each frame.
We refer to the users with uplink data as active users. The
distribution of all active uplink users in one frame, is modeled
as an SPPP Πu on R2 with density λu(l) for location l ∈ R2.
The user density may vary for different locations. It is assumed
that 0 < λlu ≤ λu(l) ≤ λuu for all l ∈ R2, where λlu and λuu
are two positive constants. The distance-based association [2]
are considered in this paper where users are associated to BSs
with minimum distance (pathloss). Let Φ` be the set of active
users in the `-th cell and |Φ`| be the cardinality of set Φ`.
The block fading channel is considered, where the channel
is quasi-static within one uplink frame and varies in different
frames. For the elaboration convenience, we only consider the
uplink transmission within coherence bandwidth of one frame.
To facilitate the proposed scheme, the uplink frame is divided
into N+1 blocks, where the 0-th block containing Lp symbols
is for pilot transmission, and the following blocks (from the
1-st block to the N -th one) are for uplink data transmission.
Let Bi be the number of symbols in the i-th (i = 1, 2, ..., N )
data block, and L =
N∑
i=1
Bi be the total length of all data
blocks. The modulation and coding scheme (MCS) for each
data block can be independently adapted. We assume that the
length of pilot sequences is sufficiently large and only consider
the situation of Lp ≥ |Φ`|,∀`, in the analysis.
Each user has a unique index in its service cell. The k-
th user in the `-th cell is referred to as the (`, k)-th user,
whose location is denoted by a 2-dimensional vector l`,k. The
notations on the uplink transmission are listed in the following.
• x0`,k ∈ C1×Lp ,∀(`, k) ∈ Φ`, denotes the pilot sequence of
the (`, k)-th user. A set of orthogonal pilot sequences are
used in each cell for uplink channel estimation. To avoid
excessive pilot overhead, the pilot sequences of different
cells are not orthogonal. Their cross-correlation satisfies
|x0`,k(x0i,j)H |
Lp
=
P√
Lp
, ∀` 6= i, (`, k)∈Φ`, (i, j)∈Φi,
where P is the transmission power of mobile users.
This assumption matches the LTE systems, where pilot
sequences are generated from Zadoff-Chu sequences [19].
• xn`,k ∈ C1×Bn ,∀n = 1, 2, ..., N, (`, k) ∈ Φ`, denotes the
uplink data symbols in the n-th data block of the
(`, k)-th user, whose components are complex Gaussian
distributed with zero mean and unit variance. xm,n`,k =
[xm`,k x
m+1
`,k ... x
n
`,k] (0 ≤m≤n≤N ) is the uplink data
symbols of the (`, k)-th user from the m-th block to the
n-th block, and Xm,n` = [(x
m,n
`,1 )
T (xm,n`,2 )
T ...(xm,n
`,|Φ`|)
T ]T ,
where xT is the transpose of x.
• h`,k ∈ CM×1 denotes the uplink channel vector from
the (`, k)-th user to the target BS. It is assumed that
h`,k ∈ CN (0,R`,k) is complex Gaussian distributed with
zero mean and covariance matrix R`,k = E[h`,khH`,k] =
ρ1`,kI, where ρ
1
`,k = χ
1
`,k|l`,k|−σ denotes the large-scale
fading coefficient from the (`, k)-th user to the target BS
consisting of log-normal shadowing χ1`,k and pathloss,
I is an identity matrix, σ is the pathloss exponent. It
is assumed that χ1`,k = 10
ζ/10, where is ζ a Gaussian
random variable with zero mean and standard deviation
θ. Similarly, let ρi`,k and χ
i
`,k be the large-scale fading
coefficient and shadowing from the (`, k)-th user to the
i-th BS, respectively. In order to simplify the expressions,
we shall neglect the superscript 1 and use ρ`,k and χ`,k to
represent the large-scale fading coefficient and shadowing
from the (`, k)-th user to the target BS in remaining parts.
• H` = [h`,1 h`,2 ... h`,|Φ`|], R˜` = E[HH` H`] = M×
diag{ρ`,1, ρ`,2, ..., ρ`,|Φ`|} and R`=E[H`HH` ]=
|Φ`|∑
k=1
ρ`,kI.
Without loss of generality, we shall first study the uplink
performance of the target cell and extend the conclusion to
all the cells. The received symbols of the target BS from the
m-th block to the n-th block (0 ≤ m ≤ n ≤ N ) are given by
Ym,n = H1X
m,n
1 +
∑
∀` 6=1
H`X
m,n
` +Z
m,n, 0 ≤ m ≤ n ≤ N,
where Zm,n is complex white Gaussian noise with zero mean
and variance σ2z for each element.
III. PROPOSED UPLINK SCHEME AND ANALYSIS
The cooperative uplink detection scheme is presented below.
Scheme 1 (Uplink Detection with Decoded Interference). We
only elaborate the uplink detection steps of the target cell for
convenience, which is also applied on all other cells.
• Step I: Initialize the iteration index by i = 0.
• Step II: In the i-th iteration, the target BS estimates
the uplink channels of its active users according to the
pilot sequences X01 and the detected data symbols of
the previous iterations X1,i1 . The estimated channel is
denoted as Ĥi1 = [ĥ
i
1,1 ĥ
i
1,2 ... ĥ
i
1,|Φ1|] = Y
0,iQiin.
The estimator Qiin based on minimum-mean-square-error
(MMSE) criterion is given as
Qiin= [q
i
1 q
i
2 ... q
i
|Φ1|]
= arg min
Qiin
tr
{
E
[
(Ĥi1 −H1)H(Ĥi1 −H1)
∣∣∣∣X0,i1 ]}
=
[
(X0,i1 )
HR˜1X
0,i
1 +P
∑
∀` 6=1
tr(R˜`)I+|Φ1|I
]−1
(X0,i1 )
HR˜1,
where the expecation is take over all possible Y0,i.
• Step III: If i ≤ d − 1, the target BS detects the uplink
data in the (i+ 1)-th block, denoted as X̂i+11 , according
to the latest channel estimation Ĥi1 with
ĥi1,k = h1,k+h1,k
(
x0,i1,kq
i
k − 1
)
+
∑
∀(`,j) 6=(1,k)
h`,jx
0,i
`,jq
i
k︸ ︷︷ ︸
Denoted as ∆hi1,k
,
where the MMSE-based data detector is derived as
Si+1in = arg min
Si+1in
tr
{
E
[
X̂i+11 −Xi+11
]H[
X̂i+11 −Xi+11
∣∣∣∣Ĥi1]}
=(Ĥi1)
H
[
Ĥi1(Ĥ
i
1)
H+
∑
∀j
∆Ri1,j+
∑
∀` 6=1,k
R`,j+
I
P
]−1
︸ ︷︷ ︸
Denoted as Ψiin
. (1)
The BS decodes the information bits in X̂i+11 , and re-
constructs Xi+11 , which will be used as pilots in the next
iteration. Let i = i+ 1, and jump to Step II.
If i ≥ d, before data detection, the target BS uses Ĥi1
to cancel the detected signals from the received signals
from the pilot sequence to the (i− d)-th block as follows
Y0,i−dintf =Y
0,i−d − Ĥi1X0,i−d1
=
∑
∀ 6`=1
H`X
0,i−d
` −∆Hi1X0,i−d1 + Z0,i−d, (2)
where ∆Hi1 = Ĥ
i
1 −H1.
• Step IV: Estimate the channel between the users in Φ1co
and the target BS, denoted as Hintf = [h`,j ](`,j)∈Φ1co ,
from Y0,i−dintf according to the MMSE channel estimation.
The estimated channel Ĥiintf and the estimator Q
i
co are
given as
Ĥiintf = [ĥ
i
`,j ](`,j)∈Φ1co = Y
0,i−d
intf Q
i
co,
Qico=
[
(X0,i−dintf )
HR˜intfX
0,i−d
intf +MP
∑
∀(`,j)
/∈Φ1co∪Φ1
ρ`,jI+|Φ1co|I
+(X0,i−d1 )
HE[(∆Hi1)H∆Hi1]X
0,i−d
1
]−1
(X0,i−dintf )
HR˜intf ,
where E[(∆Hi1)H∆Hi1] =
[
R˜−11 +
X0,i1 (X
0,i
1 )
H
P
∑
∀` 6=1 tr(R˜`)
]−1
,
R˜intf = E[(Hintf )HHintf ], and X0,i−dintf is the matrix
aggregating the signals from pilot sequence to the (i−d)-
th uplink block of users in Φ1co.
• Step V: The target BS detects the uplink data in the
(i+1)-th block, denoted as X̂i+11 , according to the latest
channel estimation Ĥi1,co = [Ĥ
i
1, Ĥ
i
intf ]. The MMSE-
based data detector is given as
Si+1co =(Ĥ
i
1,co)
H
[
Ĥi1,co(Ĥ
i
1,co)
H+
∑
∀(`,j)
/∈Φ1co∪Φ1
R`,j+
∑
∀k
∆Ri1,k
+
∑
∀(`,j)
∈Φ1co
∆Ri`,j + I/P
]−1
= (Ĥi1,co)
HΨico.
If i < N − 1, the BS reconstructs Xi+11 , which will be
used as pilots in the next iteration, and the algorithm
jumps to Step II; otherwise, the iteration terminates.
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(b) The detection procedure of
the (i+1)-th data block (i ≥ d)
in the target cell.
Fig. 1: The proposed data-assisted transmission and detection
scheme via BS cooperation.
A. Asymptotic Uplink SINR
Since the active users are independently distributed, we only
provide the uplink SINR analysis of the first active user in the
target cell. The first user of the target cell is called as the
target user in the remainder of this paper. With the proposed
scheme, the uplink SINR of the target user is then given
by (3) and (4) for i ≤ d − 1 and i ≥ d, respectively. In
both SINR expressions, the terms I, II and III are due to the
intra-cell interference, channel estimation error, and inter-cell
interference, respectively. The expectation is taken over all
possible small-scale fading in other cells.
Then, the asymptotic expressions of the uplink SINR when
there are sufficient data symbols involved in channel estima-
tion are given by the following lemma.
Lemma 1 (Asymptotic Expressions of SINR). Let Φeff =
Φ1∪Φ1co, Li=Lp+
i∑
m=1
Bm and L′i=Lp+
i−d∑
m=1
Bm. For sufficiently
large M and L†i , the uplink SINR of the target user is
γi+11,1 →
1
(
|Φ†i |
L†i
+ 1)
∑
∀(`,j)/∈Φ†i
1
M
ρ`,j
ρ1,1
+ 1
L†i
(
ρ`,j
ρ1,1
)2
, (5)
where Φ†i = Φ
1, L†i = Li for i ≤ d − 1 and Φ†i = Φeff ,
L†i = L
′
i for i ≥ d.
Proof. Please refer to Appendix A.
γi+11,1 =
|(ĥi1,1)HΨiinĥi1,1|2∑
∀k 6=1
|(ĥi1,1)HΨiinĥi1,k|2︸ ︷︷ ︸
Interference I
+E
[∑
∀k
|(ĥi1,1)HΨiin∆hi1,k|2︸ ︷︷ ︸
Interference II
+
∑
∀` 6=1,j
|(ĥi1,1)HΨiinhi`,j |2︸ ︷︷ ︸
Interference III
∣∣∣∣Ĥi1]+
∥∥∥(ĥi1,1)HΨiin∥∥∥2
P︸ ︷︷ ︸
Noise
(3)
γi+11,1 =
|(ĥi1,1)HΨicoĥi1,1|2
∑
(`,j)6=(1,1),
(`,j)∈Φ1∪Φ1co
|(ĥi1,1)HΨicoĥi`,j |2
︸ ︷︷ ︸
Interference I
+E
[ ∑
∀(`,j)
∈Φ1∪Φ1co
|(ĥi1,1)HΨico∆hi`,j |2
︸ ︷︷ ︸
Interference II
+
∑
∀(`,j)
/∈Φ1∪Φ1co
|(ĥi1,1)HΨicoh`,j |2
︸ ︷︷ ︸
Interference III
∣∣∣∣Ĥi1,co]+
∥∥∥(ĥi1,1)HΨico∥∥∥2
P︸ ︷︷ ︸
Noise
. (4)
From Lemma 1, we can observe that the uplink interference
in (5) is due to the users outside target cell Φ1 when i ≤ d−1,
and the users outside Φ1 ∪ Φ1co when i ≥ d + 1. Thus BS
cooperation will lead to better performance. It can be observed
that the SINR of the target user is a function of the locations of
interfering users, which are usually unknown to each service
BS. Hence, the accurate value of uplink SINR is hard to
predict before transmission. Considering the randomness in
active user distribution, we continue to analyze the distribution
of the asymptotic SINR in the following subsections, which
is necessary for robust rate allocation with a target outage
probability.
B. Asymptotic SINR Distribution
The asymptotic CDF expression of the SINR distribution is
given by the following theorem.
Theorem 1 (Asymptotic CDF of SINR for Distance-based
Cell Association). For sufficiently large L†i and M , the CDF
of the target user’s SINR γi+11,1 can be written as
Pr
[
γi+11,1 < T
]→ Q[( 1
T (
|Φ†i |
L†i
+ 1)
−Mi+1
)√
1
Vi+1
]
, (6)
where the Q-function is the tail probability of standard normal
distribution. Mi+1 and Vi+1 are the mean and variance of∑
∀(`,j)/∈Φ†i
[
ρ`,j
Mρ1,1
+
ρ2`,j
L†iρ
2
1,1
]
respectively, which are given by
Mi+1 =
∫
S¯1
[
e
a2θ2
2
M
|l|−σ
ρ1,1
+
e2a
2θ2
L†i
(
|l|−σ
ρ1,1
)2
]
λu(l)ds(l), (7)
Vi+1 =
∫
S¯1
[
e
a2θ2
2
M
|l|−σ
ρ1,1
+
e2a
2θ2|l|−2σ
L†iρ
2
1,1
]2
λu(l)ds(l)−M2i+1. (8)
Moreover, a = ln 1010 and |l| is the Euclidean norm of 2-
dimensional vector l. S¯1 denotes the network region except the
target cell for i ≤ d− 1, and the region where the distance to
the target BS is larger than rco for i ≥ d.
Proof. Please refer to Appendix B.
With the knowledge of λu, Mi+1 and Vi+1 can be cal-
culated numerically using (7) and (8), and the corresponding
distribution of SINR can be obtained. In fact, a more practical
way is to learn these two parameters in real time since λu(l)
is usually unknown at the BSs. The online learning method is
elaborated in the following section.
IV. UPLINK RATE ADAPTATION
Note that the uplnik SINR expression derived in (5) is the
function of the large-scale fading coefficients of interfering
channels, which is unknown to each service BS. For example,
ρ`,j (∀` 6= 1) are usually not measured at the target BS due to
large signaling overhead. In fact, not only the accurate value
of uplink SINR, but also its distribution derived in Theorem
1 are hard to predict due to the lack of knowledge on density
λu. This raises an issue on robust uplink rate allocation, which
will be addressed in the following Section IV-A via an online
learning algorithm.
A. Learning-based Uplink Rate Adaptation
According to Theorem 1, given a target outage probability
ε, the uplink data rate of the target user in the i-th data block
for both cell association criteria can be scheduled as
ri1,1 = log2
(
1 + T i1,1(ε)
)
, i = 1, 2, ..., N, (9)
where T i1,1(ε) =
1
(Q−1(ε)
√Vi+Mi)(
|Φ†
i−1|
L
†
i−1
+1)
, and Q−1(·) rep-
resents the inverse of Q function.
Since the user density λu is unknown, the statistics Mi
and Vi in the above equation cannot be directly calculated.
We introduce the following online learning algorithm, which
collects the information of user distribution and finally con-
verges to the accurate values ofMi and Vi for the target user.
Algorithm 1 (Learning Algorithm for Mi and Vi).
{Mi,Vi|i = 1, ..., N} can be evaluated iteratively in each
frame, where the target user is scheduled in uplink transmis-
sion, by the following steps.
• Step 1: Initialize the values of Mi and Vi (i =
1, 2, ..., N ), denoted as M0i and V0i . Let n = 1.
• Step 2: In each data block, schedule one silent symbol
in the target cell such that no users of the target cell
transmits uplink signal. Let Iin be the n-th measured
uplink interference power in the i-th data block to the
target user after the processing of data detector Si. Then,
update Mi and Vi as
Mni =
n− 1
n
Mn−1i +
1
n
Iin
|Φ†i−1|
L†i−1
+ 1
, (10)
Vni =
n− 2
n− 1V
n−1
i +
1
n− 1(
Iin
|Φ†i−1|
L†i−1
+ 1
−Mn−1i )2. (11)
• Step 3: Let n = n + 1 and repeat Step 2 in the
frames where the target user is scheduled for uplink
transmission, until the iteration converges.
Since In|Φ†
i−1|
L
†
i−1
+1
is an unbiased observation ofMi, it is easy
to see that (Mni ,Vni ) → (Mi,Vi) for i = 1, ..., N when
n→ +∞, which is also shown numerically in Section V.
The above learning algorithm can be applied on all active
users to facilitate the robust uplink rate allocation. Let Φ†i (b) =
Φb for i ≤ d− 1 and Φ†i (b) = Φb ∪ Φbco for i ≥ d, and
Mi(b, k) = E
∑
∀(`,n)/∈Φ†i−1(b)
[
1
M
ρb`,n
ρbb,k
+
1
L†i−1
(
ρb`,n
ρbb,k
)2
]
(12)
Vi(b, k) = V ar
∑
∀(`,n)/∈Φ†i−1(b)
[
1
M
ρb`,n
ρbb,k
+
1
L†i−1
(
ρb`,n
ρbb,k
)2
]
(13)
be the statistical parameters for the (b, k)-th user (∀b, k),
then the SINR threshold can be written as T ib,k() =
1
(Q−1(ε)
√
Vi(b,k)+Mi(b,k))(
|Φ†
i−1(b)|
L
†
i−1
+1)
, where Mi(b, k) and
Vi(b, k) can be learned with Algorithm 1. In fact, if Mi and
Vi have been learned at three users of one cell, their values
for other users of the same cell can be calculated directly as
follows.
Lemma 2. Suppose that Mi and Vi (∀i) have been learned
for the (b,m)-th, (b, j)-th and (b, t)-th users, denoted as
Mi(b,m), Vi(b,m), Mi(b, j), Vi(b, j) and Mi(b, t), Vi(b, t)
respectively. For the arbitrary (b, k)-th user, we have
Mi(b, k) =
M2i (b,m)(ρbb,m)2 −M2i (b, j)(ρbb,j)2
ρbb,k(ρ
b
b,m − ρbb,j)
+
ρbb,mρ
b
b,j(Mi(b,m)ρbb,m−Mi(b, j)ρbb,j)
(ρbb,j)
2(ρbb,j − ρbb,m)
, (14)
Vi(b, k) =
[
1
(ρbb,m)
2
1
(ρbb,m)
3
1
(ρbb,m)
4
]
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Fig. 2: CDFs of the uplink SINR at the 5-th block for the
proposed scheme, where M=200, r1,1=100 m, 300 m, 400 m.
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 ,V=
Vi(b,m) +Mi2(b,m)Vi(b, j) +Mi2(b, j)
Vi(b, t) +Mi
2(b, t)

Proof. Please refer to Appendix C.
V. SIMULATION AND DISCUSSION
In this section, we demonstrate the performance of the
proposed scheme by numerical simulations, and corroborate
the analytical results derived in the previous sections. As
a comparison, we also show the simulation results for the
data-assisted uplink scheme in [10] (denoted as the baseline
scheme), where there is no BS cooperation. In the simulation,
a hexagonal cellular network is considered. The cell radius
is R = 500 m, and the pathloss exponent is σ = 3.76. The
standard deviation of shadowing is θ = 3 dB. The number
of BS antennas is M = 200. We assume P = 23 dBm, the
thermal noise density is −174 dBm/Hz, and the bandwidth is
5 MHz. Let r1,1 = |l1,1| be the distance from the target user to
the target BS. We consider the performance of the target user
when it is at the cell center (r1,1 = 100 m), middle distance
(r1,1 = 300 m), and cell edge (r1,1 = 400 m), respectively.
The pilot is the shifted Zadoff-Chu sequence used in the LTE
systems. rco is set to be 700 m for the proposed scheme. The
uplink data symbols are divided into 5 blocks, each with 100
data symbols, and the pilot length Lp is 31.
In Fig. 2, both analytical performance and numerical results
are demonstrated for the proposed scheme, where the backhaul
delay d = 1. The average number of users per cell is 10. The
CDFs of SINR distributions for different locations of the target
user in the last (5-th) data block are plotted. In Fig. 2, the
analytical performance is generated from (6). We can observe
that the analytical results fit the numerical results tightly.
The performance of the two data-assisted schemes (pro-
posed scheme and baseline scheme) is compared in Fig. 3(a)
and 3(b) for cell center region r1,1 = 100 m and cell edge
region r1,1 = 400 m, respectively, where the backhaul delay
d = 1. The SINR distributions of the 1-st, 3-rd, 5-th data
blocks are plotted, respectively. The average number of users
per cell is 10. The 1-st block’s SINR distribution of the both
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Fig. 3: SINR distributions of the target user with the proposed
schemes, where the distributions of the 1-st, 3-rd and 5th
blocks are plotted, M = 200, and r1,1 = 100 m, 400 m.
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Fig. 4: Online learning procedure of Theorem 1 at the 5-th
block, where M = 200, r1,1 = 50 m.
schemes demonstrates the performance of massive MIMO
system without data-assisted detection. Taking the 3-rd block
of the baseline scheme as an example, when data symbols are
used as equivalent pilot sequence, there are around 1dB and
5dB gains for the cell-center and cell-edge users, respectively.
Hence, the data-assisted detection scheme benefits more on
cell-edge users. This is because the cell-edge users suffer more
on the inter-cell interference. In both figures, our proposed
scheme outperforms the baseline scheme. This is because the
pilot information and data symbols of the closest interfering
users are used for channel estimation in the proposed scheme.
In Fig. 4, we check the convergence of online learning
algorithm, where the learning process of mean and variance
in (6) is demonstrated. The target user is 50 m away from
the service BS. The average number of users per cell is 10.
We can observe that after nearly two hundred times learning
iterations, the mean and variance of interference power are
close to the actual values.
VI. SUMMARY
In this paper, a cooperative uplink transmission and detec-
tion scheme for massive MIMO networks is proposed and
analyzed. Based on it, learning-based algorithms are proposed
to adapt the uplink data rate without the knowledge of active
user distribution density. It is shown by simulations that the
proposed scheme can significantly improve the uplink SINRs
of the back data blocks in each uplink frame.
APPENDIX A: PROOF OF LEMMA 1
We first consider the case of i ≤ d − 1. Note that both
∆Ri1,k and R`,j are scaled identity matrices, we could define
αI =
∑
∀k
∆Ri1,k +
∑
∀ 6`=1,j
R`,j + I/P.
Moreover, we define the following notations for convenience:
Ak =[
∑
∀j 6=k
ĥi1,j(ĥ
i
1,j)
H + αI]−1,
Bk,j =[
∑
∀m 6={k,j}
ĥi1,m(ĥ
i
1,m)
H + αI]−1.
With the matrix inversion lemma, Ψiin can be written as
Ψiin = α
−1I−α−2Ĥi1
(
I +α−1(Ĥi1)
HĤi1
)−1
(Ĥi1)
H . (15)
Hence, we have the following asymptotic expressions for (3).
• The signal term:
|(ĥi1,1)HΨiinĥi1,1|2
=
∣∣∣∣α−1(ĥi1,1)H ĥi1,1 − α−2(ĥi1,1)HĤi1
×
(
I + α−1(Ĥi1)
HĤi1
)−1
(Ĥi1)
H ĥi1,1
∣∣∣∣2
→
∣∣∣∣α−1(ĥi1,1)H ĥi1,1 − α−2 |(ĥi1,1)H ĥi1,1|2
1 + α−1(ĥi1,1)H ĥ
i
1,1
∣∣∣∣2 → 1,
where the first step is due to (15); the second step is because
|(ĥi1,1)H ĥi1,1| >> |(ĥi1,1)H ĥi1,j | (∀j 6= 1) for sufficiently
large M and Li, and
(
I + α−1(Ĥi1)
HĤi1
)
can be approx-
imated as a diagonal matrix; the last step is because of
α−1(ĥi1,1)
H ĥi1,1 >> 1 for sufficiently large M .
• Interference term I:∑
∀j 6=1
|(ĥi1,1)HΨiinĥi1,j |2
=
∑
∀j 6=1
∣∣∣∣ (ĥi1,1)HB1,jĥi1,j
[1 + (ĥi1,1)
HA1ĥi1,1][1 + (ĥ
i
1,j)
HB1,jĥi1,j ]
∣∣∣∣2
≈
∑
∀j 6=1
∣∣∣∣ (ĥi1,1)HB1,jĥi1,j
α−2||ĥ1,1||2||ĥ1,j ||2
∣∣∣∣2 ∼ O( 1M2 ),
where the first step is directly from the Lemma 1 of [20], and
the last step is because the numerator and the denominator of∣∣∣∣ (ĥi1,1)HB1,j ĥi1,jα−2||ĥ1,1||2||ĥ1,j ||2
∣∣∣∣ are of the order M and M2 respectively.
To prove the second step of the above derivation, we define
Ĉi1,1 = [ĥ
i
1,2ĥ
i
1,3 · · · ĥi1,|Φ(1)|]. Hence,
1 + (ĥi1,1)
HA1ĥ
i
1,1 =1 + α
−1(ĥi1,1)
H ĥi1,1 − α−2(ĥi1,1)H
Ĉi1,1
[
I+α−1(Ĉi1,1)
HĈi1,1
]−1
(Ĉi1,1)
H ĥi1,1
≈α−1(ĥi1,1)H ĥi1,1,
and similarly
1 + (ĥi1,j)
HB1,jĥ
i
1,j ≈ α−1(ĥi1,j)H ĥi1,j .
• Interference term III:
The intra-cell interference can be written as
E
[ ∑
(`,j)/∈Φ1
|(ĥi1,1)HΨiinh`,j |2
∣∣∣∣Ĥi1]
(a)
= E
[ ∑
(`,j)/∈Φ1
∣∣∣∣α−1(ĥi1,1)Hh`,j − α−2(ĥi1,1)HĤi1
×
(
I + α−1(Ĥi1)
HĤi1
)−1
(Ĥi1)
Hh`,j
∣∣∣∣2∣∣∣∣Ĥi1]
(b)≈ E
[ ∑
(`,j)/∈Φ1
∣∣∣∣α−1(ĥi1,1)Hh`,j − α−2(ĥi1,1)H ĥi1,1
×
(
1 + α−1(ĥi1,1)
H ĥi1,1
)−1
(ĥi1,1)
Hh`,j
∣∣∣∣2∣∣∣∣Ĥi1]
(c)→ 1
ρ21,1
E
[ ∑
(`,j)/∈Φ1
∣∣∣∣(ĥi1,1)Hh`,j/M ∣∣∣∣2 ∣∣∣∣Ĥi1]
≈ 1
ρ21,1
∑
(`,j)/∈Φ1
{
E
∣∣∣∣hH1,1h`,j/M ∣∣∣∣2 + [||qi1||2Pρ2`,j]}
(d)≈ 1
ρ21,1
∑
(`,j)/∈Φ1
{
ρ1,1ρ`,j
M
+Pρ2`,j
[
1
||x0,i1,1||2
]}
(e)≈ 1
ρ21,1
∑
(`,j)/∈Φ1
{
ρ1,1ρ`,j
M
+
ρ2`,j
(Li − 1)
}
, (16)
where
||qik||2 ≈
[ ||x0,i1,k||
P
∑
` 6=1 ρ`,j
ρ1,1
+ ||x0,i1,k||2
]2
≈ 1||x0,i1,k||2
. (17)
Step (a) is due to (15), step (b) is because of |(ĥi1,1)H ĥi1,1| >>
|(ĥi1,1)H ĥi1,j | (∀j 6= 1) for sufficiently large BS’s anten-
nas M , step (c) is due to α−1(ĥi1,1)
H ĥi1,1 >> 1 and
(ĥi1,1)
H ĥi1,1/M → ρ1,1 for sufficiently large Li and M .
For sufficiently large Li, the channel estimation error in ĥi1,1
is much smaller than its true value. The step (d) is due to
equation (17), and step (e) is because of the mean of inverse-
Chi-squared distribution.
• Interference term II:
E
[∑
∀k
|(ĥi1,1)HΨiin∆hi1,k|2|Ĥi1
]
= E
[∑
∀k
|(ĥi1,1)HΨiinh1,k
(
x0,i1,kq
i
k − 1
)
+
∑
(`,j)/∈Φ1
(ĥi1,1)
H
h`,jx
0,i
`,jq
i
k|2|Ĥi1
]
≈ E
[∑
∀k
P
∥∥qik∥∥2 ∑
(`,j)/∈Φ1
|(ĥi1,1)
H
Ψiinh`,j |2|Ĥi1
]
,
where the approximation is due to x0,i1,kq
i
k ≈ 1. From (16) and
(17), we have
E
[∑
∀k
|(ĥi1,1)HΨiin∆hi1,k|2|Ĥi1
]
≈
∑
∀k
P∥∥∥x0,i1,k∥∥∥2
∑
(`,j)/∈Φ1
[
ρ`,j
ρ1,1M
+
ρ2`,j
ρ21,1(Li − 1)
]
=
|Φ1|
(Li − 1)
∑
(`,j)/∈Φ1
[
ρ`,j
ρ1,1M
+
ρ2`,j
ρ21,1(Li − 1)
]. (32)
• Noise term: ‖(ĥ
i
1,1)
HΨiin‖2
P ≈ 1P
∥∥∥∥ α−1(ĥi1,1)H1+α−1(ĥi1,1)H ĥi1,1
∥∥∥∥2.
When Li is sufficiently large, the noise item can be approxi-
mated by 1PMρ1,1 .
Note that for high SNR region and sufficiently large M , the
noise item and interference term I are negligible compared
with the interference term II and III. As Li ≈ Li − 1, the
asymptotic expression of γi+11,1 can be derived from (16) and
(32). When i ≥ d, the proof is similar, due to page limitation,
it is omitted here.
APPENDIX B: PROOF OF THEOREM 1
Due to page limitation, we only provide the sketch of the
proof for i ≤ d− 1, it can be similarly applied on the case of
i ≥ d. The region of the interfering users S¯1 can be viewed as
a disk, whose radius r tends to infinity, except the coverage
of target cell. Hence in the following, we first consider S¯1 as
a disk with fixed radius, and then let r →∞. Denote the set
of users in S¯1 as Φintf . Let α ≤ 1 and β ≥ 1, we have
Pα,<
def
= Pr[|Φintf | < α
∫
S¯1
λu(l)ds(l)]
=
Γ(bα ∫¯
S1
λu(l)ds(l) + 1c,
∫¯
S1
λu(l)ds(l))
bα ∫¯
S1
λu(l)ds(l)c! ,
Pβ,>
def
= Pr[|Φintf | > β
∫
S¯1
λu(l)ds(l)]
= 1−
Γ
(
bβ ∫¯
S1
λu(l)ds(l) + 1c,
∫¯
S1
λu(l)ds(l)
)
bβ ∫¯
S1
λu(l)ds(l)c! ,
where Γ(.) is the incomplete gamma function. Let Eintf =∑
(j,m)∈Φintf
1
M
ρj,m
ρ1,1
+ 1Li (
ρj,m
ρ1,1
)2 and T ′ = T (Φ
†
i
Li
+ 1), it is
with probability 1− Pα,< and 1− Pβ,> respectively that the
following equations can hold
Pr
[
Eintf > 1
T ′
∣∣∣∣|Φintf | = α ∫
S¯1
λu(l)ds(l)
]
≤ Pr
[
Eintf > 1
T ′
]
,
Pr
[
Eintf > 1
T ′
]
≤ Pr
[
Eintf > 1
T ′
∣∣∣∣|Φintf | = β ∫
S¯1
λu(l)ds(l)
]
.
When ρ1,1 is given, 1M
ρj,m
ρ1,1
+ 1Li (
ρj,m
ρ1,1
)2,∀(j,m) ∈ Φintf
could be consider as i.i.d. distributed random variables. Given
the condition |Φintf | = α
∫¯
S1
λu(l)ds(l), the above lower
bound can be further approximated by applying the Central
Limit Theorem as
Pr
[
Eintf > 1
T ′
∣∣∣∣|Φintf | = α ∫
S¯1
λu(l)ds(l)
]
=Q
[(
1
T ′
− αMi+1
)√
1
αVi+1
]
.
where Mi+1 and Vi+1 are derived by the following integral
expressions
Mi+1 =
∫
S¯1
[
e
a2θ2
2
M
|l|−σ
ρ1,1
+
e2a
2θ2
Li
(
|l|−σ
ρ1,1
)
2
]
λu(l)ds(l),
Vi+1 =
∫
S¯1
[
e
a2θ2
2
M
|l|−σ
ρ1,1
+
e2a
2θ2
Li
(
|l|−σ
ρ1,1
)
2
]2
λu(l)ds(l)−M2i+1.
When r → ∞, however, Mi+1 and Vi+1 will converge to
finite values. Moreover, Pa,< → 1 when r → ∞. Thus, it is
with probability 1 that for arbitrary α < 1,
Pr
[
Eintf > 1
T ′
]
≥ Q
[(
1
T ′
− αMi+1
)√
1
αVi+1
]
.
Similarly, it is with probability 1 that for arbitrary β > 1,
Pr
[
Eintf > 1
T ′
]
≤ Q
[(
1
T ′
− βMi+1
)√
1
βVi+1
]
.
Thus, it is with probability 1 that
Pr
[
Eintf > 1
T ′
]
= Q
[(
1
T ′
−Mi+1
)√
1
Vi+1
]
.
Finally, we have Pr
[
γi+11,1 < T
]
= Pr
[
Eintf >
1
T (
|Φ†i |
Li
+1)
]
= Q
[(
1
T (
Φ
†
i
Li
+1)
−Mi+1
)√
1
Vi+1
]
.
APPENDIX C: PROOF OF LEMMA 2
Without loss of generality, we only provide the proof for
b = 1. Since large-scale fadings ρ1,m and ρ1,j are known to
the target BS, it can be deduced from (12) and (13) that∑
∀(`,n)/∈Φ†i−1
E [ρ`,n] =
M(M2i (1, i)ρ21,m −M2i (1, j)ρ21,j)
ρ1,m − ρ1,j ,
∑
∀(`,n)/∈Φ†i−1
E
[
ρ2`,n
]
=
L†iρ1,mρ1,j(Mi(1,m)ρ1,m−Mi(1, j)ρ1,j)
ρ1,j−ρ1,m .
Note that for arbitrary (1, k)-th user, the mean Mi(1, k) =
E
∑
∀(`,n)/∈Φ†i−1
[
1
M
ρ`,n
ρ1,k
+ 1
L†i
(
ρ`,n
ρ1,k
)2
]
. Substituting the above two
equations into the definition of Mi(1, k), (14) can be proved.
Moreover, the variance Vi(1, k) can be obtained similarly.
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